The autocorrelation algorithm is the most commonly used method for extracting fetal heart rate from ultrasound Doppler fetal monitors. The traditional autocorrelation algorithm can not always extract the detection cycle accurately. During the calculation process, the heartbeat cycle may not be recognized, or the cycle may be doubled or halved recognized. Combining the characteristics of envelope curve with average magnitude difference function curve, this paper designs a set of extreme point search scheme and a fetal heart cycle recognition model based on ensemble learning to assist in screening the best fetal heart cycle. The aim of this study is to improve the precision of the fetal heart rate calculation. The experimental results show that the proposed method can effectively screen out the best fetal heart cycle with enhanced reliability and robustness.
Introduction
During pregnancy, fetal heart rate (FHR) monitoring is an essential routine examination, which is of great significance to reduce the fetal mortality rate and guarantee the health and safety of the fetus (Xiao, Luo & Zhang, 2005) .
Doppler Ultrasound Signal (DUS) is the most diffused non-invasive measurement in FHR monitoring; however, it is susceptible to the abdominal murmur of the pregnant mother that results in signal loss and misdiagnosis. The autocorrelation function(ACF) is commonly used in existing fetal monitors (M. Peters et al., 2001) to improve this situation. As the period of the ACF is consistent with the input ultrasonic Doppler fetal heart sound signal, the heartbeat period of the FHR can be obtained by calculating the period of the ACF and the fetal heart rate can be obtained through the calculation.
Based on traditional ACF, many domestic and foreign scholars have done much work and proposed many effective detection algorithms. C. Peters et al. (2004) proposed an algorithm for calculating FHR by beat, and the accuracy is close to which is obtained directly from FECG. Lee et al. (2009) improved noise immunity based on Peters' algorithm to achieve higher accuracy and robustness. Voicu et al. (2010) used an ultrasonic multi-channel Doppler system by modifying ACF and proposed a new time and frequency estimator for the audio domain, and thus the miss rate of FHR has reduced to 5%. Jezewski et al. (2011) achieved a high accuracy of fetal cardiac intervals measurement by adopting dynamic adjustment of autocorrelation window, adaptive autocorrelation peak detection and the determination method of the beat-to-beat interval, making it possible to reliably and quantitatively evaluate the FHR variability. Marzbanrad et al. (2014) proposed an automated estimation of fetal cardiac intervals from a DUS signal based upon a unique combination of empirical mode decomposition (EMD) and hybrid support vector machine-hidden Markov model(SVM/HMM). Al-Angari et al. (2017) proposed a new method based on EMD and kurtosis statistics to estimate fetal heart rate and variability of fetal Doppler ultrasound signal, showing excellent performance in estimating fetal beat to beat interval. Recently, Seong (2018) has disclosed a method for extracting fetal heart rate in, in which average magnitude difference function (AMDF) and ACF are used. accurate and robust models.
In this study, ensemble learning techniques were applied in fetal cardiac interval recognition and ten features are extracted from envelope curve and average magnitude difference function (AMDF) as the input to classify the fetal cardiac interval into right and wrong. It is shown that good classification accuracy can be achieved by using this novel method.
The remainder of this paper is organized as follows: In Section2, the preprocessing of database, feature selection and the new approach based on ensemble learning is proposed. The experimental result is summarized in Section3. In Section 4, the conclusion of this research is presented.
Method
This paper proposes a fetal cardiac interval recognition model based on ensemble learning to assist in identifying fetal heart rate. Features extracted from envelope curve and average magnitude difference function (AMDF) curve are used to judge whether the current cycle points can obtain the correct fetal heart rate.
Acquisition and Preprocessing
In this paper, the database is provided by Guangzhou Overseas Chinese Hospital. Thirty-six valid original Doppler fetal heart sound signal are selected to construct a training database by following steps: 1) Down-sampling. The frequency of the original signal S is 8000HZ, and the sampling frequency is reduced to 250HZ by performing a sum operation every 32 points to reduce the complexity of the calculation. Then get the new signal S'. (Figure 1 .a) 2) Get envelope signal. from the new signal S'. Calculate the mean value (Mean(Seg)) of signal S' every 2 seconds (Seg). Obtain envelope signal E according to equation (1) and (2). (Figure 1 
3) Get AMDF signal C from the envelope signal E obtained from step 2) by means of AMDF. (Figure 1 
Feature Extraction and Selection
Extracting features is mainly based on the following characteristics of fetal heart rate:
1) The normal fetal heart rate is between 110 bpm and 160 bpm (W. Cheng & Z. Cheng, 2018) (or between 120 bpm and 160 bpm (Xiao, Luo & Zhang, 2005) ), and most of the fetal heart rate is concentrated in this range, even in the case of poor signal. The measuring range of the electronic fetal monitor is from 50 bpm to 210 bpm or 30 bpm to 240 bpm (W. Cheng & Z. Cheng, 2018). If the calculated fetal heart rate exceeds the above measurement range, there is a large probability that it is a false fetal heart rate value.
2) Generally, dramatic mutations of the fetal heart rate do not occur, and the difference between adjacent heartbeat cycles is not more than 10% (Li, 2005) Therefore, when the front and rear heart cycles are relatively close, it can be considered that the detected heartbeat cycle has a high credibility at this time.
Select Features from AMDF Curve
First, a simple method of searching for minimum points is adopted. The main steps are as follows:
1) Start from the AMDF curve C, and search the minimum point P 1 in the range [i, i+step] , where the step is 50 and the initial value of i is 0.
2) Search the minimum point P 2 in the range [i+step, i+2*step]. If P 1 =P 2 , then add the point P 1 to the extreme point sequence V, and set i=i+2*step. If P 1 ≠P 2 ，set i=i+1.
3) Continue the search with steps a-b until the end of the curve.
Set the time of the current calculated FHR in signal S' as T c , and the x-coordinate time value corresponding to the element P i in the extreme point sequence V is x i (The subscript of the sequence V starts from 1). Extract the periodic time series T={ t 1 , t 2 ,…, t k } from the sequence V, which are shown in Figure 2 a. At the same time, x i will be selected as the pre-selected current fetal heartbeat cycle time (i is initialized to 1), which will be converted into pre-selected fetal heart rate, according to equation:
F q is used to measure the periodic strength of the AMDF curve. When each adjacent interval time satisfies 0.9≤ t i+1 /t i ≤1.1, the intensity value of F q increases by 1, and the larger it is, the clearer the period is.
For the item in T which increases the value F q , take the average value t mean and convert it into heart rate value FHR m in the same way as formula (3).
F t is used to measure the periodic confidence of the extreme point in the AMDF curve. F t is calculated as follows: 
The magnitude between the minimum and the adjacent maximum points is extracted as a measurement index. Figure 2 .b, shows the sequence of magnitude difference of the extreme points H={ h 1 , h 2 , ... , h j }. K h , similarity coefficient, is used to measure the similarity between the magnitude difference of the pre-selected extreme points and the overall average magnitude difference. K h is calculated as:
F h is used to assist in measuring the quality of the minimum point of AMDF curve, F h is calculated as follow ( Abs is an absolute value function):
F s is used to measure the morphological characteristics of the pre-selected extreme point, F s is calculated as follow (Floor represents the round down function):
F n is used to assess the credibility of the current pre-selected fetal heart rate. During the calculation process of fetal heart rate, the latest time of T r and FHR r will be recorded. In general, there will not be large mutations in adjacent time. F n is calculated as follow (Abs is an absolute value function) : For the sequence of envelope signal E, E m is the mean value of the signal E in the corresponding time period and is extracted as an indicator to measure the quality of the signal.
F' m , is used to measure the quality of envelope signal. F' m is calculated as follows:
Where v l and v h are empirical coefficients, v l =10, v h =50.
Search the maximum points of the envelope signal curve, use the same method as the AMDF curve used, and extract the time intervals between the maximum points, where the time interval sequence is T ' ={ t ' 1 ,t ' 2 ,...,t ' k }. F ' q , is used to measure the periodic strength of envelope cycle. Considering that the extreme points of the envelope curve are likely to have non-periodic points under the search strategy, a filter is designed to filter the extreme points. The main steps are as follows: 1) Convert the time interval in T ' to the fetal heart rate value, and keep it when the fetal heart rate is between 50bpm and 210bpm, otherwise, discard it. After preliminary filtration, a new sequence T ' normal is obtained. 2) For the new sequence T ' normal ，the number of elements in T ' normal is counted every 10 bpm in the range of 50 bpm -210 bpm. Finally, the element with the highest frequency is retained to obtain the new sequence T ' select . F ' q is calculated as follows (Count is the counting function ):
Then take the average value of T ' select as Mean(T ' select ), and convert it to FHR ' m according to the formula (3). Also, the first time period interval in T ' select is converted to FHR ' t1 as the pre-selected fetal heart rate of E. F ' t is used to measure the credibility of the period of envelope，and similar to the calculation of F t in the AMDF curve. F ' t is calculated as follow: 
F ' n is used to assess the credibility of current FHR ' t1 . F ' n is calculated as follow: K ' e , similarity coefficient, is used to assess the similarity between FHR ' t1 and FHR ' m , The greater the similarity is, the higher confidence of the fetal heart rate becomes. 
Finally, ten features were extracted from Doppler fetal heart sound signal. In addition , there are two signal marker features Tag 1 and Tag 2 . If Tag 1 =1, it means that the AMDF curve signal were selected as the main extracted signal; if Tag 2 =1, it means that the envelope curve signal was selected. The final extracted features are shown in Table 1 . 
Tag 2
The flag of the signal is selected prioritized --
Fetal Heart Cycle Recognition Model Based on Ensemble Learning
This paper adopts the Stacking algorithm of ensemble learning, which is divided into two layers of learning algorithms. The basic level is mainly composed of KNN, SVM, MLP and Adaboost , which are trained based on a complete training set. The output obtained by each classifier of basic layer is as the input of XGBoost classifier (the second layer) to get the final classification result. 5-fold cross validation was used in the training process, and the data was split into 5 parts. For the training process, it is necessary to use four data elements while the testing process needs the residuary part to perform. To finish the process, the procedure was repeated 5 times to allow each fraction of data as a testing data. The whole training process of the model was shown in Figure 3 . After training, evaluate the generalization ability of the model and integrate the model into the extraction process of fetal heart rate. First, new Doppler fetal heart sound signal data will be selected for preprocessing and feature extraction. Second, the pre-selected fetal heart rate obtained from the periodic sequence of AMDF curve and the periodic sequence of envelope curve combined with the extracted features are input into the model sequentially to predict the output. If the output is positive, it is considered that the fetal heart rate has been obtained at the current moment, then entering the process of fetal heart rate extraction at the next moment, or else it is considered that the current fetal heart rate value cannot be obtained, then to re-select the period points and go on. Finally, the fetal heart rate is compared with the correct result to evaluate the performance of the model.
Results and Discussion
In the collection of training samples, the proportion of negative samples is small. The upsampling algorithm SMOTE (Chawla et al., 2002) is used to balance the positive and negative ratio of training samples. 114,695 pieces training data and 1549 pieces test data were obtained, as shown in Table 2 . The numbers of true negatives (TN), false negative (FN), true positives (TP) and false positives (FP) are used to compute the efficiency of the classifier. Precision is the fraction of relevant instances among the retrieved instances.
Recall is the fraction of the relevant instances that are successfully retrieved.
There is another statistical measurement call F1-score, to evaluate characterization of the performance, which has the following formula:
(17) Figure 4 shows the comparison of algorithm performance in the ensemble algorithm. The performance of each machine learning method is good, and this demonstrates the effectiveness of feature extraction method and classifier, on the other hand, it also demonstrates that the SMOTE has improved the performance of model. Although the performance of each algorithm is relatively close, the ensemble algorithm gets the maximum performance of classification with the highest precision and F1-score.
The Table 3 shows the mean value of 5-fold cross validation of ensemble classifier. The precision is 99.53%, the recall rate is 98.39%, and the F1-score is 98.96%. Therefore, we chose ensemble classifier to train the model. Figure 5 , the first extreme point of the AMDF curve can be discriminated ambiguously (as shown in the red box), but the periodic points of the envelope curve and the AMDF curve are not clear, which is a difficult situation to judge. In the future, we will expand and improve the training set to obtain better recognition results. Finally, in this paper, we make a statistical analysis about the detection of the whole section of the signal, the detection rate is 87.94% (excluding the worst part of the signal). Except for a few extraction error, other conditions in which the fetal heart rate could not be detected were due to the presence of large unstable factors or noises in local signals. In general, the detection has achieved ideal effect.
In general, the model can identify cycle points effectively, exclude the wrong cycle points and improve the accuracy of fetal heart rate extraction. Given the situation that the fetal heart rate may be doubled or reduced or difficult to be identified, this paper proposed a model to assist in recognizing the fetal heart rate cycle based on ensemble algorithm combined with the characteristics of envelope curve and AMDF curve. In this model, multiple features of envelope curve and AMDF curve are used to assist the judgment of the identified periodic points, which improve the accuracy of fetal heart rate extraction.
In this paper, the data is inadequate. In the part of FHR extraction, although the training sample size reaches the level of nearly 100,000 through upsampling, the actual number of negative samples is still relatively insufficient. As the hospital can not provide fetal ECG signal as a reference standard ( because it is costly and easy to have adverse effects on pregnant women), the Doppler fetal heart sound signal used in this paper needs a manual comparison to determine the correct fetal heart rate label during the experiment. The workload is huge and there may be some manual errors. More investment are needed to obtain more samples.
As the focus of this research is feature extraction, in this paper, the filtering method used in the signal preprocessing is simple. In fact, other scholars have adopted a more complex filtering effect which has achieved good results. The model proposed in this paper can also be applied on the basis of these new preprocessing methods. Therefore, it is necessary to adopt interesting filtering method to improve the model in the future work.
For the model, it is simple to extract features from AMDF curve and envelope curve. In fact, some features in the AMDF curve are difficult to describe and extract clearly with rules. Deep learning can be used for features extraction and recognition, when the sample size is adequate.
Conclusion
CTG(Cardiotocogram) data is ubiquitously used for obstetricians to evaluate the well-being of fetuses before delivery. In this paper, we study a new method to extract FHR based on autocorrelation function. In the basic of AMDF, combining with envelope curve, we have developed a recognition model based on ensemble learning to assist in identifying FHR cycle. We have evaluated the performance of the model using three different performance measures, namely Precision, Recall and F-measure. In this paper, the result is compared with sliding window, and it can be seen that overall accuracy of the new method (96.2%) is better than traditional method (91.7%), which has enhanced the reliability and robustness of the fetal well-being monitoring, it can be the first step for further detection of fetal risk in pregnancy and toward a prediction of fetal outcome.
